Introduction

Background
The maritime transport system is vital for the Swedish economy and society. Marine accidents adversely affect the human, the marine environment, and properties and activities aboard ships and ashore in various forms and degree of extent. The effects of accidents vary from minor injuries to fatalities and from insignificant damage to very severe damage to the environment and property. During the period 1985-2008, thousands of marine accidents have been reported. The Swedish maritime authority spends considerable amounts of resources in order to maintain a high level of safety and protect property and the environment. The cost of accidents, including fatalities and injuries, damage to property and the environment, prevention and mitigating measures, and insurance accounts for a considerable share of transport costs.
The main purpose of every accident or risk study is to provide decision makers with valid and reliable information in order to make informed and hopefully better decisions. It is not possible to manage what is not or cannot be measured (Kawka and Kirchsteiger, 1999) . The analysis makes use of large amounts of diverse datasets, the most important of which are marine accident data. There is a wide range of research strategies available, and researchers are often confronted with the questions of when and why to use a particular research strategy. The determining conditions for selecting the most appropriate research strategy are the type of research questions posed, the extent of control an investigator has over actual events and the degree of focus on contemporary as opposed to historical events (Yin, 1994) . The case history research strategy is one of the most favorable strategies for accident studies. The vast majority of accident studies rely heavily on case histories (Haastrup and Brockhoff, 1991; Facchini and Brockhoff, 1992; Christou, 1999; Konstantinos and Ernestini, 2002) . Studies based on historical data, which is one of the types of data most frequently used, are generally preferred (Carol et al., 2001) . Furthermore, the case history has become one of the prevailing methods of representing accident knowledge (Brigitte and Carsten, 1997) .
In Sweden, as in many other countries, marine accident data are recorded in a database, known in Swedish as the SOS. 1 The review of annual accident reports showed that data are analyzed based on summary statistics and results presented in a format pre- pared by the Swedish Maritime Investigation Unit (MIU). However, no particular accident model was employed for data analysis. The database consists of a large number of variables, some of which have never been analyzed. Because of dynamic changes in maritime transport systems as well as risk and analysis methods, it is necessary and important to improve the system. According to the MIU, the SOS database has been a well-functioning system. However, the authority intends to improve the system including the employment of advanced analytical tools and integration of the SOS with other systems.
The literature recognizes the issues concerning accident models and the need to develop new models and to update or improve existing ones (Huang et al., 2004; Hollnagel, 2002; Harrald et al., 1998) . Such models are a necessary foundation for accident analysis, prediction, and prevention. Inability to reduce accidents can be traced to inadequate accident models and many available models are outdated (Huang et al., 2004) . In order to enhance safety and accommodate the needs and changes taking place in systems, these models need to be updated (Huang et al., 2004) . Several traditional accident models are based on theories that may not take account of complex systems and phenomena. Therefore, significant progress in accident analysis for complex systems requires innovative approaches starting from a completely different theoretical foundation (Harrald et al., 1998) .
Given the above context, the purpose of this study was to develop a conceptual model for description and analysis of marine accidents. • Preparing for model development: the study began with identifying the research question and choosing a sample. The question is: how to design an accident model based on empirical data? An extensive literature study was initially performed, where many relevant documents, including reports of marine accidents produced by the Swedish authority (2002) (2003) (2004) (2005) (2006) (2007) (2008) and other documents (EMSA, 2007; SMA, 2009) , were collected and studied. A questionnaire comprising some sixty questions concerning reporting, collection, compilation, analysis of marine accident data, and presentation and dissemination of the results was sent to the Swedish authority. The authority returned a detailed description of the system and procedures. The entire SOS database was obtained and thoroughly studied. • Model development: attempts have been made to develop an accident model primarily grounded on marine accident data, "let the data talk" approach, in accordance with the principles of grounded theory and content analysis. Grounded theory is a general methodology for developing theory based on empirical data that are systematically gathered and analyzed (Glaser and Strauss, 1967; Denzin and Lincoln, 1994) . Content analysis is a research tool used in a wide array of fields to determine the presence of concepts, which consists of conceptual and relational analysis or concept mapping (Krippendorf, 1980; Carley and Palmquist, 1992) . The ability to abstract and understand the underlying dynamics of a complex system and phenomenon plays an important role in both methodologies. The SOS database contains detailed data on thousands of accident case histories organized by ship and variable. The selective reduction is the central idea of content analysis. The large number of variables, which represent essential properties of the maritime transport system and risk elements, were stepwise coded and organized into main categories of concepts at different levels of abstraction. Concepts were coded consistently as they appeared in the database and according to their properties. The focus of relational analysis was to look for semantic or meaningful relationships. The relationships among concepts were explored and path diagrams linking variables were designed. The process of model development is graphically described in Fig. 3 and the final model is presented in Fig. 4 . • Model demonstration: a model is evaluated by its consistency to the empirical data. It should also have the ability to explain and predict the phenomena under study. In order to demonstrate the model and provide answers to research questions, one categorical and five metric variables were selected and analyzed by means of summary and inferential statistics. Justifications for choices made in model demonstration are also provided. The results of the analysis replicated the model.
Methodology
The theoretical platform -key definitions and concepts
The key definitions and concepts relevant to model design are the maritime transport system, risks, risk analysis, and accident modeling.
The maritime transport system
The maritime transport system is a very complex and large-scale (Grabowski et al., 2010) socio-technical environment (STE) system comprising human and man-made entities that interact with each other and operate in a physical environment (Mullai, 2004) . The main elements of the system are objects of transport, means of transport, infrastructures, and facilities, which are linked by the information system and transport-related activities. The human is a very important element that designs, develops, builds, operates, manages, regulates, and interacts with other elements of the system. Individuals, groups, their relationships, and communication constitute organizational systems. These elements are embedded in very complex, interdependent, and dynamic relationships.
Accidents, risks and risk analysis
In essence, the concept of risk is defined as the likelihood of consequences of undesirable events (Vanem and Skjong, 2006; Hollnagel, 2008) . Accidents and incidents are negative outcomes of the systems. The terms "marine accident and incident" and "marine casualty" denote undesirable events in connection with ship operations (IMO, 1996) . An accident is an undesired event (Hollnagel, 2008) , Swiss cheese model (2) (Reason, 1990) , framework for maritime risk assessment (3) (Harrald et al., 1998). that results in adverse consequences, for example injury, loss of life, economic loss, environmental damage, and damage to or loss of property (Harrald et al., 1998; Grabowski et al., 2010) . Accidents are due to an unexpected combination of conditions or events (Hollnagel et al., 2006) . Although there is a distinction between "accident" and "incident" in terms of the magnitude of consequences, the term "accident" is most frequently used in this paper.
Risk analysis is the systematic use of available information to identify hazards and estimate the risk to people, the environment, and property (Mullai, 2004; Lars Harms-Ringdahl, 2004) . In order to understand risks, risk analysis attempts to provide answers to three fundamental questions: "What can go wrong?" "What are the consequences?" and "How likely is that to happen?" -known as the "triplet definition" of risk (Kaplan et al., 2001) . These questions can lead to other questions, which, in turn, require additional answers and efforts. Risks can also be measured as a combination of consequences relative to the number of risk receptors exposed to the undesirable events. This form of risk estimation has become a legal requirement in several countries (OECD, 2004) . Thus, the risks can be expressed as a function (f) of frequency, consequence, and exposure (Eqs. (1) and (2)) (Mullai, 2007) .
where R i -individual, societal, and aggregated risks. The latter are compounded human risks (fatality, injury, and other health risks), environmental risks, property risks, and other risks. F i -frequency -likelihood, probability; C i -consequences for risk receptors, i.e. human, the environment, property, and other, e.g. disruption and reputation. E i -exposure, i.e. the number and categories of risk receptors exposed to but not necessarily affected by the undesirable events. By definition, the concepts of risk and risk analysis have a wider scope than those of accident and accident analysis. The accident is a constituent element of the risk. Risk analysis encompasses a wider range of processes than accident analysis, including exposure analysis and risk estimation and presentation.
Accident models
Different terms are used to describe accident phenomena as well as analysis tools, for example approaches, techniques, frameworks, methodologies, methods, and models. The term accident model is frequently used in the literature (Leveson, 2004; Grabowski et al., 2000; Nikolaos et al., 2004; Laracy, 2006) . Accident analysis, which always implies an accident model (Hollnagel, 2002) , is a very important process for providing input to the development of proactive and cost-effective regulations (Psarros et al., 2010 ). An accident model is an abstract conceptual representation of the occurrence and development of an accident; it describes the way of viewing and thinking about how and why an accident occurs and predicts the phenomenon (Huang et al., 2004; Hollnagel, 2002) .
Hollnagel (Hollnagel, 2002; Hollnagel et al., 2006) divide accident models into three main types, namely sequential, epidemiological, and systemic and functional. Each type consists of a set of assumptions on how the reality is viewed and how accident analysis should be performed and the theoretical foundation and limitations (Hollnagel, 2002; Hollnagel et al., 2006) . Epidemiological accident models describe an accident as the outcome of a combination of factors. Such models are rarely strong, as they are difficult to specify in great detail. Systemic accident models consider accidents as emergent phenomena and are based on control theory, chaos models, stochastic resonance, and systems approach. In the latter, the system is viewed as a whole rather than individual components or functions. Systemic models are difficult to represent graphically (Hollnagel, 2002; Hollnagel et al., 2006) .
Most accident models are sequential viewing accidents as a sequential chain of events that occur in a specific order (Harrald et al., 1998; Hollnagel, 2008; Leveson, 2004; Nikolaos et al., 2004; Van Drop et al., 2001; Özgecan and Ulusç u, 2009; Celik et al., 2010) . Three typical sequential models, namely the Bowtie model, Swiss cheese model, and a framework for maritime risk assessment, are presented in Fig. 2 . The fundamentals of many accident models lie on the Swiss cheese and Bowtie models. The latter describes how a critical event may have several precursors and consequences ( Fig. 2 , Model 1). The former (proposed by Reason in 1990) views accidents as outcomes of interrelations between unsafe acts and latent conditions in the system, such as weakened barriers and defenses represented by the holes in the slice of "cheese" (Fig. 2 , Model 2). Harrald et al. (1998) described accidents by means of a six stage causal chain: root or basic causes and immediate causes, triggering incidents, accidents, consequences and impacts ( Fig. 2 , Model 3). The causes are broken down into main categories, such as human, machine, environmental (Özgecan and Ulusç u, 2009 ) and organizational factors (Van Drop et al., 2001) . Most studies of transport related accidents have claimed that human errors cause 80% of accidents (Harrald et al., 1998; Jens, 1997) .
In order to predict accidents, the conditional probabilities that link the stages in the causal chain should be estimated, but these linkages are extremely difficult to establish and require assumptions and innovative use of available data (Harrald et al., 1998) . This problem is partly attributed to the accident model and data analysis methods employed. Sequential models work well for accidents caused by failure of physical components and for relatively simple systems (Leveson, 2004) . But, they do not work well in all situations and systems because these models do not account for and therefore cannot correctly model complex phenomena and systems (Leveson, 2004; Trucco et al., 2008) . They only provide partial answers to questions concerning safety measures (Harrald et al., 1998) .
Many models such as the Swiss cheese analogy model (Reason, 1997) , the Bowtie model (Hollnagel, 2008) , the FSA (IMO, 2002), FTA and ETA techniques, and other models (Leveson, 2004; Van Drop et al., 2001; Li et al., 2009; Larsson et al., 2010) have been introduced or proposed by experts in the fields with no reference to or systematic analysis of empirical data. Further, many models are based on theories or concepts, for example systems theory concepts (Leveson, 2004; Laracy, 2006; Larsson et al., 2010) , the Bayesian Belief Network concept (BBN) (Trucco et al., 2008; Merrick and Singh, 2003) , Neural Networks (NN) concept (Hashemi et al., 1995; Le Blanc et al., 2001) , fuzzy logic (Sii et al., 2001) , risk-based approaches (Vanem and Skjong, 2006; Celik et al., 2010) , simulation and expert judgment (Harrald et al., 1998) . Harrald et al. (1998) have pointed out that a theoretical framework is of little use in an analysis unless there is relevant data to support it. The analysts are confronted by incomplete and misleading data that make it difficult to use theoretical frameworks. Furthermore, the data are not recorded in accident databases in a form compatible with the theoretical constructs and, as a result, significant modeling assumptions have to be made in order to produce valid results (Harrald et al., 1998) . The data issues are common problems in maritime safety (Celik et al., 2010) that can be partly attributed to inadequate accident models (Huang et al., 2004) .
In many countries, accident data are reported, collected, and compiled over time in databases in accordance with national regulations and established codification systems (Mullai, 2004; Mullai and Paulsson, 2002) . Large amounts of resources are spent building and maintaining such databases. Changes to the current systems and early data records require enormous effort, resources, and time. In addition, any inappropriate change may render many years of data records useless. A large number of incidents may not undergo thorough investigation but are simply reported by responsible individuals or organizations according to established guidelines.
Accident studies in many domains including the maritime industry are firmly rooted in probabilistic methods (Leveson, 2004; Trucco et al., 2008) and other summary statistics (Vanem and Skjong, 2006; Grabowski et al., 2000; Van Drop et al., 2001; Özgecan and Ulusç u, 2009; Konovessis and Vassalos, 2008; Merrick and Singh, 2003) . The studies are largely confined to a few variables, such as vessel type, flag, and business line, total loss incidents (Li et al., 2009) , and some categories of accidents, such as fire/explosion, collision (Van Drop et al., 2001; Le Blanc et al., 2001) , contact and grounding (Vanem and Skjong, 2006; Özgecan and Ulusç u, 2009 ). Summary statistics are important but not sufficient procedures for explaining and predicting accident phenomena. Inferential statistics, including canonical correlation analysis, multivariate analysis of variance, and structural equation modeling (Hair et al., 1998; Hubert and Blalock, 1979) , provides results with a high degree of confidence.
In summary, no single model has the capability of serving all systems, issues, and needs in the maritime industry at all times -"one size does not fit all". Were this the case, we would have had only a handful of accident models and studies. Many accident models are based on theories that may not account for complex phenomena and systems. It is, therefore, relevant and important to develop a model grounded on empirical data that would primarily make use of the accident data contained in the databases.
Empirical data -the SOS database
The SOS is one of the SMD's (Swedish Maritime Department) databases developed for website application. The database operates on the Microsoft SQL (Structured Query Language, a database computer language for data management) Server. The study of many marine accident databases shows that the SOS is one of the most complete, detailed, and well maintained databases in the BSR (Baltic Sea Region) and other parts of the world (Mullai, 2004; Mullai et al., 2009 ). The SOS database contains records of approximately 6000 marine accidents reported during the period 1985-2008 organized by ship and variable. The variables are designed based on the European Statistics guidelines, the IMO investigation code, and the DAMA coding system. The latter was agreed in 1990 by the Scandinavian countries for the registration and analysis of marine accidents. According to the Swedish maritime authority, one ship represents one case. Often two or more ships have been involved in a single accident, such as collision. A collision between two Swedish ships is counted as two events, while a collision between a Swedish ship and a foreign ship or pleasure boat is counted as one event. In each case, the data are compiled into 88 different variables with no particular order or categorization. The SOS database maintains records of all marine accidents and incidents that occur in Swedish territorial waters involving ships of all nationalities as well as accidents involving ships flying the Swedish flag outside Swedish territorial waters.
Certain data on properties of the ships involved in accidents were retrieved from SITS (Swedish Maritime Inspectorate Supervision System 2 ), a system developed by the SMA in Prolifics/JAM7/Windows. In cooperation with the SSA (Swedish Shipowners' Association) and other actors, the MIU has also developed a database for anonymous reporting of near misses and deviations, known as INSJÖ.
Selection of data analysis techniques is partly determined by the number and attributes of variables, such as type, measurement level (i.e. nominal, ordinal, and scale variables; metric and non-metric variables), and dependence (i.e. dependent and independent variables). The nature of data determines the attributes of variables. The majority of variables in the SOS database are string (56.8%) and numeric (37.5%), while the remainder (5.7%) are date and coordinate (Table 2) . A string variable is a variable whose values are not numeric. In terms of the measurement level, variables in the database are nominal, scale, and ordinal, where more than half (55.7%) are nominal. The latter provide limited options for statistical data analyses. The categorical and metric variables account for 64.5% and 35.5%, respectively. Metric variables allow the highest level of precision, permitting all mathematical operations. Because of their properties and the large number of categorical values, some important variables such as coordinate, cause, type of cargo, and event description, have not been used in any accident analysis (2002) (2003) (2004) (2005) (2006) (2007) (2008) .
The SOS database is one of the few in the BSR and the world containing coordinate data that enable spatial data analysis and visual presentation of maritime risks. 'Cause' and 'type of cargo' have a very large number of variable values. Thus, 'cause' contains detailed variable values (94 items) codified into eight main categories covering human, technical, operational, managerial, organizational, and external factors. Codification of the causes may be a matter of personal choice and judgment, which may affect the reliability and validity of the data. In addition, the biases and practices of the investigators also affect the quality and usability of the data recorded in accident databases (Harrald et al., 1998) . The 'event description' variable contains valuable information in text format concerning marine accidents, causes and contributing factors, mitigating and preventive measures, and various elements of the system. However, the information cannot be analyzed in its existing data format or by means of the traditional data analysis tools used in accident analysis.
The grounded theory model -model development
Variables, constructs, and path diagrams
The essential attributes and relationships of the variables in the SOS database were thoroughly studied. The database contains 88 variables representing the maritime systems and risk elements in complex relationships. One purpose of the conceptual model is to reduce the degree of detail and complexity of variables and their relationships. The total number of variables taken into consideration when designing the model was 87. As the variable 'event description' was in text format it was excluded, as in that form, neither summary nor inferential statistics was applicable to it. However, the detailed information on marine accidents that it contained provided valuable insights for conceptual and relation analysis.
The large number of variables was reduced to eleven sets or constructs, organized and clustered according to their common properties (Table 1 and Fig. 3 ) but retaining their original names. The combined constituent variables of the constructs 'consequence', 'ship property', and 'location' accounted for the vast majority (72.8%) of all variables in the SOS database. The majority of numeric and scale variables are consequence variables (Table 2) . With the exception of 'cause' (X 7 ), all constructs were defined in conceptual terms, which, in their present form, could not be measured directly. For example, in the absence of a common measurement unit, the construct 'consequence' (or aggregated consequence) could not be measured as it is composed of a set of variables (i.e. fatality, injury, disappearance, environmental, and property damage) that are measured by different metrics. The label of each construct represents the highest level of abstraction that best suits the description of its constituent variables. A detailed list of constructs and their constituent variables and attributes is provided in the Appendix A.
The relationships among variables within each construct are explored and depicted by path diagrams. Some variables are hierarchically nested, resulting in intra-class correlations. For example, 'fatality' (y 2,1,1 ), 'injury' (y 2,1,2 ), and 'disappearance' (y 2,1,3 ) are variables that are hierarchically nested at a higher level, i.e. the variable human consequence. Models containing multilevel variables are multilevel models (Bryk and Raudenbush, 1991) . The model developed in this study is a multilevel model that consists of many variables (87) in complex relationships. Due to space constraint and for the purpose of illustration, some examples of variables, constructs and their path diagrams are presented in Fig. 3 . The circles with broken lines represent some multilevel variables at the high level of abstraction, but, for the reason of reducing the complexity of the model, their constituent variables at the lower levels are not shown.
The upper part of Fig. 3 represents the final model that is shown in Fig. 4 . At the final stage of model development, the constructs are organized and connected by means of a path diagram. In terms of dependency, constructs are classified into independent (exogenous or predictor) (X) and dependent (endogenous or response) (Y) based on the properties of their constituent variables. Nine (X 1 -X 9 ) independent and two (Y 1 , Y 2 ) dependent constructs were determined. Marine accidents and their consequences are undesirable outcomes of the maritime transport system. The majority of consequences (Y 2 ) are direct results of the marine events (Y 1 ). In other words, the constructs 'marine event' (Y 1 ) and 'consequences' (Y 2 ) can be predicted by independent constructs (X 1 -X 9 ). However, some categories of consequences (Y 2 ) have little or no relation to the marine events (Y 1 ) or other variables. For example, deaths due to natural causes and some injuries (e.g. intoxication and suffocation) have no relationships to the marine accident categories defined in Table 1 . The path diagram is the graphic portrayal of the set of relationships among constructs (Fig. 4) . These relationships are projections of those among variables at low levels of abstraction that are shown in the lower part of Fig. 3 . Single-headed arrows depict the relationships between independent (X 1 -X 9 ) and dependent (Y 1 , Y 2 ) constructs. In relation to the construct Y 2, however, Y 1 is an independent construct. The single-headed arrow emanating from Y 1 and pointing to Y 2 also depicts the relationship between an independent and a dependent construct, whereas the lines connecting constructs (X 1 -X 9 ) depict the relationships between independent constructs.
Guide to model application
One purpose of the accident model is to explain and predict marine accidents. In order to manage maritime risks in an efficient manner, it is important to identify the most influential variables that contribute to accidents and their consequences. The model will assist risk/accident analysts to generate and address a wide range of research questions. One relationship or combination of relationships in the model may form the basis for a research question. Some examples of research questions that could be considered acci-
Human y21
Property y22
Fatality y211
Injury y212
Environment y23 Given the number and attributes of variables and the number of accident cases, both non-inferential and inferential statistics are applicable to the data. The model will facilitate application of various data analysis techniques, from simple univariate and bivariate to complex multivariate analysis. Based on Hair et al. (1998) and the properties of variables in the SOS database, the following multivariate data analysis techniques could be considered as the most appropriate techniques in application of the model: canonical correlation, multivariate analysis of variance, multiple discriminant analysis, multiple regression analysis, conjoint analysis, structural equation analysis, factor and cluster analysis.
The analysis should be performed at the second and third levels of the model resolution, as all constructs are unobserved and have no variable values, except for 'cause'. Descriptive statistics can be used to reduce the large amount of data, for example the purposes of risk estimation and presentation. This statistical procedure is very useful because many variables in the database are non-metric. Inferential statistics should be employed in the case of metric variables for inferences about the entire population of marine accidents. Those recorded in the SOS database do not represent the entire population, as many minor and near-miss incidents go unreported. Furthermore, the dataset is, to some extent, biased because data are not collected from random observations, but in connection with marine accidents. However, given the size of data, the number of accidents recorded in the database is a fair representation of the population. Both non-probability and probability samplings, such as simple, systematic, stratified, cluster, and repeti- Fig. 4 . The constructs and the path diagram of the model -the highest level of abstraction. tive sampling techniques, can be employed for inferences about the SOS data.
The number of variables determines the appropriateness of individual analysis techniques. The ratio between the number of accident cases and independent variables affects the generalization of results. A general rule is that this ratio should never fall below five to one, which means that there should be five cases for every independent variable (Hair et al., 1998) . The desired level of the ratio is between 15 and 20 to 1. The ratio of cases and variables in the SOS database (approx. 6000 cases/88 variables = 68) is in accordance with the desired level. The summary statistics procedures are, however, not constrained by the number of cases and variables.
Simultaneous analysis of all 88 variables using any of the multivariate analysis techniques presented above and presentation of the results would be very complex and difficult, if not an impossible procedure. However, application of a comprehensive risk analysis allows the use of all variables as well as the presentation of the results in a systematic manner. The model facilitates exploration and quantification of the system and risk elements.
Model demonstration -an illustrative example
The SOS database contains a large number of metric and nonmetric variables. For the purpose of model demonstration, some relevant research questions are addressed: What are the most frequent accidents occurring in the Swedish waters and involving ships flying Swedish flag? What is the trend? What categories and how many people have been killed? Can the variable 'fatality' be predicted by independent variables? If so, how strong is the prediction power? What are the fatality risks? In order to provide answers to these questions, one non-metric or categorical and five metric variables were selected (see Table 3 ).
The selected variables are among the most important for measuring the performance of the maritime transport system. All metric variables were selected for model demonstration. Nonmetric variables should be converted into metric prior to any inferential statistical analysis. Many non-metric variables contain large numbers of values. Conversion will result in a huge number of dummy variables. Due to space constraints, one important non-metric variable was selected for the purpose of analysis, i.e. marine accidents. The marine accident categories were converted into metric variables with values of 1, 0 (see Table 3 ).
Both descriptive and inferential statistics were employed for the selected variables. Inferential statistics are performed by means of the AMOS (Analysis of MOment Structures) program, which implements the structural equation modeling (SEM) data analysis approach. The SEM, also known as causal modeling analysis, is a very effective method for analyzing marine accidents. In addition, the method provides a graphical presentation of directions and number of relationships among variables (see Figs. 7 and 8) .
In total, 6007 marine accidents and incidents, an average of approx. 250 events per year, were reported during the period 1985-2008 (Fig. 5) . These represent the main categories of initial events, which are often followed by one or more subsequent events. The number of accidents declined during this period. The increase in marine accidents during the late 1990s (1996) (1997) (1998) is explained by the large number of incidents reported in the area of the Sound, i.e. between Sweden and Denmark. At that time, the bridge between the two countries was under construction, which interfered with the dense vessel traffic in the area. Collisions, contacts, and groundings were the most frequent accidents reported in the Baltic Sea and accounted for more than half (54%) of the total number. These accidents are largely due to weather and navigation hazards as well as dense vessel traffic in the region.
During the period 1985-2008, some 1507 fatalities were reported to the SOS. Fig. 6 shows the main categories of fatalities with their respective frequencies -crew members (24.5%), passengers (74%), and other (1.5%). More than one third (36%) of crew Fig. 6 . Categories of fatalities. Table 3 The name, description, and value of the selected variables.
Name
Description Value
Fatality T I The total number of fatalities (Swedish and foreign crew, passengers, pilots, and other) including deaths due to natural causes.
Metric
Age
The age of the ship in years. Metric BRT Brutto Register Tonnage or Gross Register Tonnage (GRT) represents the total internal volume of a ship, where a register ton is a measure of the size or carrying capacity of ships and is equal to a volume of 100 cubic feet (2.83 m 3 ), which volume, if filled with fresh water, would weigh around 2.8 tons.
Metric
Length
The length of the ship in meters.
Metric People OB
The total number of people (i.e. crew, passengers, pilots and others) on board the ship exposed to accidents, but not necessarily affected. This variable represents the element of exposure.
Metric
Marine accidents or events Non-metric Coll Contact
Collision with ships, pleasure boats, drilling platforms, and floating objects and contact with quays, bridges, and other fixed objects. fatalities has involved non-Swedish crew. Approximately 18% of passenger deaths were due to natural causes that have often caused disruptions to the system. The category 'other' included pilots and other people on board. The large number of passenger fatalities is explained by two catastrophic accidents involving two passenger ferries. A fire broke out on one ferry, while the other sank due to failure of the hull (the bow door). In the latter case, severe weather conditions contributed to the accident and the seriousness of the consequences. The bow door partly failed due to heavy seas. Many people who survived the capsizing and sinking of the ship reportedly died in lifeboats due to hypothermia because of the low temperature and delays in rescue operations. The severe weather conditions hampered search and rescue operations. These two accidents accounted for more than two thirds (68%) of the total number of fatalities reported to the SOS database during the period 1985-2008. The 'fatality' variable is an important indicator of the maritime risks. In relation to 'fatality', which is a dependent variable, 'marine accidents', 'ship's age', 'BRT', and 'number of people on board' are independent variables. The variables 'BRT' and 'length', which represent the size of a ship, can also serve as elements of exposure.
The calculations performed to fit the model generated a series of scalar estimates; see Table 4 . The scalar estimates encompass some essential measurement parameters, such as covariance and correlation between exogenous variables, variances of exogenous variables, standardized regression weights, intercepts for predicting endogenous variables, and squared multiple correlations. Due to space constraints and complexity, Figs. 7 and 8 present two graphic regression models, where the dependent variable 'fatality' is predicted as linear combinations of the independent variables. Single and double-head arrows represent regression and correlation weights respectively. A variable labeled 'other' was inserted into each model to represent measurement errors and a composite of other variables on which the variable 'fatality' is dependent, but which were not included. In order to identify the regression models, the scale of the latent variable 'other' was defined. Such constraints were imposed in order to make the models identifiable.
The prediction power of the independent variable 'marine accidents' is relatively weak and the combination of all categories of marine accident only accounted for 1%, i.e. the squared multiple correlation, of the variance of the variable 'fatality'. The mean val-ues of collisions/contacts and groundings are larger than those of other categories of accident. However, the 'human health and safety' category has shown a higher prediction power than the other categories (Table 4 and Fig. 7) . The correlation between the categories of 'collision/contact' and 'grounding' is relatively strong (−.39) and stronger than the other correlations. Both categories of accident are the most frequent accidents in the Baltic Sea. The most plausible explanations for the strong correlation between these two categories of marine accidents are the effects of weather and environmental conditions (e.g. winds, seas, currents, visibility, ice conditions) in the region.
The ships involved in accidents were relatively small (mean 7598 BRT) and old (mean 20 years) ( Table 4 ). The mean value of number of people on board was 68, indicating that many ships involved in accidents were ferries. The Baltic Sea including Swedish territorial waters is among the areas with the heaviest amount of ferry traffic in Europe as well as the world. The correlation between the variables 'age' and 'BRT' has a coefficient of −.30 (Table 4) , which means that as the age of ships involved in accidents increases, the size decreases. In other words, smaller ships were older than larger ships involved in accidents. The number of people on board is partly proportional to the size of the ships (BRT). Today, however, large ships have smaller crew than before. A general view is that old ships are unsafe. The results show that the variable 'age' has the lowest prediction power (2%) in relation to fatalities. Many of the old ships involved in accidents were flying the Swedish flag, which means that they were generally well operated and maintained. In addition, the majority of marine accidents were reported in the Baltic Sea, which is calmer and safer for the navigation of small ships than other areas. Many foundering and hull/watertight failure accidents were attributed to heavy sea conditions. Both categories represent the least frequent accidents in the Baltic. However, any negative effect of old ships on the marine environment and property is not excluded.
The results show that the prediction power of 'fatality' by the exposure element (i.e. the number of people on board ships) alone is quite strong (85%), which means that the fatality risk increases significantly as the number of exposed people increases. The prediction power of the combined independent variables 'ship's properties' and the 'number of people on board' accounted for 65% of the variance of the variable 'fatality'. Although these results may not seem very surprising, all studies in the reference list as well as many other studies in the field have overlooked the fact that the exposure element plays an important role in maritime risks. In addition, as mentioned earlier, many accident studies have stated that the human factor is responsible for approximately 80% of accidents, which means the other factors combined should account for 20%. But, the results of this study suggest that this statement may not be quite accurate. The earlier studies have been largely based on summary statistics (Vanem and Skjong, 2006; Grabowski et al., 2000; Van Drop et al., 2001; Özgecan and Ulusç u, 2009 ) and accident models that do not account for complex phenomena and systems (Leveson, 2004; Trucco et al., 2008) . Prevention programs are often proposed to reduce the incidence of human error (Harrald et al., 1998) . Large amounts of resources were spent on reducing risks, sometimes at a margin, by mainly focusing on the human factor as well as technical, managerial, and operational factors. The variable 'fatality' is, in part, predicted by the independent variables 'marine accidents', 'ship's properties', and 'number of people on board'. On the other hand, the variable 'fatality' affects maritime systems in the medium or long-term. Some major changes in these systems have taken place in response to catastrophic accidents involving many fatalities. At present, however, the SOS and many other databases have no data to statistically test the prediction of changes in the systems by 'fatality'.
The frequencies of the magnitudes of 'fatalities' are obtained from the entire dataset, after which the risks are estimated and presented as the FN-curve ( Fig. 9 ), illustrating the relationship between the cumulative frequencies per year and magnitudes of fatalities. The magnitude of fatalities in a single accident varies between 1-6, 15, 158 and 853. The slope or degree of the FN-curve inclination changes significantly after the magnitude of 10, i.e. from a normal distribution to unusually severe magnitudes extending close to 1000 fatalities per accident. As men- Fig. 9 . The FN-curve of fatality risks. tioned earlier, the risks were increased due to two catastrophic accidents.
The Swedish maritime authority has, at present, no criteria for benchmarking the fatality risk, which makes it difficult to judge its significance. However, compared to the results of another study (Mullai and Larsson, 2008) concerning risks in the USA's supply chain (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) , the fatality risk in the Swedish maritime system and Swedish territorial waters is higher than that in the USA. These results may serve as the basis for establishing human risk criteria for the Swedish maritime transport system.
Conclusions and recommendations
This paper addressed a relevant and important subject. With reference to the purpose of our study, a conceptual model was developed for analysis of marine accidents. The model consists of eleven main constructs and a path diagram. The results of the analysis replicated the model, which indicates that it is valid and reliable. The model has both explanatory and predictive abilities. The model was developed based on a different approach, i.e. grounded theory. Unlike theoretically based accident models, the model presented in this paper was primarily grounded on a large amount of empirical data (ca. 6000 marine accidents). In addition, the model will serve the analysis of the similar data from which it emerged, i.e. the marine accident data. The SOS database shares many variables in common with other databases in the BSR and the world, and therefore the model can be applied to other datasets. Based on the results of our study, we propose the following:
• The SOS database records marine accidents involving ships of all nationalities in Swedish territorial waters as well as ships flying the Swedish flag outside Swedish territorial waters. Therefore, for the purpose of data filtering or sampling, certain variables should be designed. • The text format variable 'event description' contains very valuable information. With some adjustments, certain variables could be identified from the text and designed accordingly. The variable 'event description' could also be analyzed by means of text analysis tools. • A large number of variables in the database are categorical, where the values have no real numerical relationship to each other. In order to make use of all variables in the database and employ inferential statistics, design dummy variables must be designed by assigning numbers (1, 0) to variable values, thus transforming categorical into metric variables. Some variables, for example 'cause', 'cargo', and 'ship', have a large number of values, and therefore extra caution should be exercised in the transformation process. • Based on the proposed model, analytical tool software could be designed to facilitate the analysis process.
The results have practical and theoretical implications for decision makers and academics. The model has the ability to explain and predict complex accident phenomena. It can facilitate accident or risk analysts to be more efficient and effective and, at the same time, produce detailed, valid, and reliable results. Finally, the application of the model may yield benefits in terms of saved time and resources while maintaining a high level of human safety as well as environmental and property protection.
